Advances in recent technology have enabled miniaturization, low power consumption, and wireless communication, which have facilitated the acquisition of basic data (electromyography, movement, etc.) especially for motion analysis in the field of sports science.
effects of the major upper extremity muscles on the performance outcomes in air pistol shooting (Kim, 2016) , using cameras to analyze kinematic characteristics of upper and lower extremity joints in rowing athletes , and using a force plate to study stability in Taekwondo athletes (Hyun, Kim & Ryew, 2016) .
In the present study, compact (37.6 mm x 52 mm x 18.1 mm) and lightweight (34 g) wireless inertial sensors (working range: typical 30 m, battery life: >8 hr) were attached to the body. The method for attaching the sensors involved wrapping the body with a band that was provided and placing the sensor in the band pocket. The sensors were easily attached to different parts of the athlete's body and the motion (acceleration and others) during archery shooting was recorded in real time. Another point that differed from previous studies was that the present study used data of motion defined by aiming pattern during holding and aiming phases immediately prior to releasing the bowstring, lasting about 2 sec, rather than the motion of the moment of arrow release.
The present study was planned for the purpose of investigating the relationship between scores and aiming pattern defined as athlete's motion immediately before the shot. The athlete's raw motion data were acquired using the inertial sensors and the Dynamic Time Warping (DTW) algorithm was used to automatically extract the data to be analyzed, which were then used in multiple regression analysis. Based on the results of the regression analysis, the study was able to identify differences in shooting motions in four athletes, specific body parts that affected scores, and the relative importance of movement of each body part on scores. The approaches used in the present study are expected to be applicable not only in archery, but in various systems for motion analysis in the field of sports science.
METHOD

Participants
The participants in the present study consisted of four female junior high school archery team members (age: 16, 14, 15, and 14 yr, mean = 14.75 ± 0.96 yr; height: 158 cm, 157 cm, 171 cm, and 164 cm, mean = 162.5 ± 6.45 cm; weight: 53 kg, 49 kg, 62 kg, and 52 kg, mean = 54 ± 5.60 kg; previous season's score: 59, 59, 55, and 54, mean = 56.75 ± 2.63). All participants were provided with an explanation of the study purpose and procedures prior to the experiment, after which their intent and consent to participate were obtained. The experiment was conducted in the archery range of the school the athletes attended.
Measurements
1) Attachment of 3-axis inertial sensors
The present study used a motion -capture system from Noraxon An inertial sensor converts changes caused by force or motion into electrical signals and provides various types of information on the object that it is attached to, such as the object's acceleration, angular velocity, speed, distance, and direction. Moreover, the advent of micro-electro mechanical systems has allowed ultra-miniaturization of these sensors.
There are accelerator sensors that only detect acceleration or angular velocity, and these sensors are installed into smartphones as basic 
2) Data acquisition
Each participant shot six arrows consecutively while standing at the shooting line with the inertial sensors attached. The distance to the target was 30 m. After each end, meaning after all six arrows were shot (actually, about 2 min for the archery athletes to walk slowly to the target to retrieve their own arrows and prepare for the next round), a short rest was given, and then the following end began. This experiment was performed six times (ends) for each participant.
In summarizing the data acquired in the present study, since four archery athletes each shot six arrows in six ends, each athlete ended up shooting a total of 36 arrows, and thus the entire data set was 144.
In each data set, motion corresponding to nine 3-axis inertial sensors (acceleration value and others) was recorded with a sampling rate of 100 Hz. However, since each of the four archery athletes shot six arrows consecutively, files were saved as ends. Therefore, the initial raw data actually used in the study comprised six files for each athlete (six ends performed) and the total for all four athletes was 24 files. From each of the files that contained six shots, data (generally six data) were extracted from the predetermined period of interest (POI) and used accordingly.
Data processing 1) Qualitative analysis of acceleration data during archery shooting motion
Acceleration data during archery shooting motion were qualitatively analyzed. Figure 2 shows the acceleration data of the x-axis of the bow arm (drawing direction) in the period of 21.95~42.95 sec, which was arbitrarily chosen as an example. As shown in the figure, archery shooting motion can be divided as listed below, and using the myo-MOTION S/W supplied by the motion capture system, each period was manually divided while replaying the synchronized video images. The periods were in the order of setup period (raising the bow), drawing period (drawing back the bowstring), anchoring moment (anchoring the bowstring on the face or cheek), aiming period, holding period (mentally focusing before shooting), release moment (releasing the bowstring), and follow-through period (maintaining the position even after releasing the bowstring). Moreover, although they were not included in the POI, the figure also shows motion based on bow down (lowering the bow after shooting), on the foot (immobilizing the bow's tip on the foot), nocking (pulling the arrow from the quiver and loading), and hooking & grip (grabbing the bow and bowstring).
As shown in the figure, the POI can be set differently depending on the purpose and use, and the POI for the DTW algorithm included a part of set up, drawing, aiming, holding, and a part of follow-through periods.
The POI that defined the aiming pattern consisted of the period of about 2 sec right before the movements suddenly became larger after the arrow release. In the present study, the mean value of 200 sample acceleration data from this POI (sampling rate 100 Hz, 2 sec period) was used to define the aiming pattern. Therefore, the aiming pattern of archery athletes was defined by 27 mean acceleration values (nine 3-axis inertial sensors).
2) DTW-based POI extraction
DTW refers to an algorithm that searches for the optimal nonlinear mapping between two given sequences, such as acceleration data 
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Korean Journal of Sport Biomechanics (Keogh & Ratanamahatana, 2004a) . The similarity between two sequences can be quantified by DTW distance (Keogh & Ratanamahatana, 2004b) , and in recent times, it has been used for data fusion in multisensor systems (Ko, West, Venkatesh & Kumar, 2008) . The DTW algorithm is usually used to find one or more other input data (relatively short data, referred to as reference data) from given input data (relatively long data, referred to as query data) in a similar period.
In the present study, the POI for defining the aiming pattern was automatically extracted, using the method below. The first attempt to analyze archery shooting motion by using the DTW algorithm was in a study by Quan, Cho, Kwon and Lee (2016) . Figure 3a shows sequence Y, query data corresponding to data from one end, and sequence X, corresponding to the reference data. Figure 3b is a zoom out view of sequence X. In the process of finding sequences that are similar to the reference sequence, the DTW algorithm matches the end points between the sequences first. In Figure 3c , the end points of the searched sequences were marked with circles, and as shown, a total of six such points were found. The period representing 2 sec prior to these six end points is the POI for defining the aiming pattern.
Using the method above, 36, 35, 29, and 33 POIs were extracted from 24 files for each archery athlete and the mean acceleration was calculated to define the aiming pattern. In the first athlete only, 36 POIs corresponding to 36 arrows shot were extracted, whereas 36 POIs were not extracted in the other athletes, either because there were recording errors with the raw data or because automatic extraction by the DTW algorithm was not possible. Therefore, statistical analysis was conducted with 133 data sets, instead of 144 data sets.
Stepwise multiple regression analysis
For identification of the relationship between motion in each body part immediately prior to archery shooting (independent variables) and scores (dependent variable), the SAS program (SAS 9.4, SAS Institute Inc., Cary, NC, USA) was used to performed a multiple regression analysis (29 variables: nine 3-axis sensors), and stepwise multiple regression analysis was performed to select the desired regression model. Among the many candidate regression models, the significance level of the regression models was tested and the significance level of each regression coefficient was tested again to derive the final regression models with even lower significance levels, while also presenting the R 
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RESULTS
Regression model for subject 1
The regression model for archery athlete number 1, subject 1 (S1), was derived using the following equation: y = 9.23181 + 0.30075Headx + 0.1637Headz + 0.36676Spinez -0.57861LTUy + 0.35798LTUz -0.1964LTFx + 0.47045LTFy -0.27257RTFy -0.96203LTSy + 0.4581RTSy
In the derived regression model, the F value was 4.45; significance level (Pr > F) was 0.12%; R 2 was 64.04%; and adjusted R 2 (Adj R 2 ) was 49.66%. Summarized parameter estimates were as shown in Table 1 .
The scores for S1 were explained by motions in the directions of head x-axis and z-axis, spine z-axis, left upper arm y-axis and z-axis, left forearm x-axis and y-axis, left shank y-axis, and right shank y-axis. The relative importance of scores was highest in the left upper arm y-axis motion, followed in order by left upper arm z-axis, left forearm y-axis, left forearm x-axis, left shank y-axis, spine z-axis, right forearm y-axis, head x-axis, right shank y-axis, and head z-axis.
Regression model for subject 2
The regression model for archery athlete number 2, subject 2 (S2), was derived using the following equation: y = 7.96072 + 0.48902Spiney -0.34353RTUy + 0.2522Pelvisx
In the derived regression model, the F value was 4.01; significance level (Pr > F) was 1.61%; R 2 was 27.934%; and adjusted R 2 (Adj R 2 ) was 20.96%. Summarized parameter estimates were as shown in Table   2 . The scores for S2 were explained by motions in the directions of spine y-axis, right upper arm y-axis, and pelvis x-axis. The relative importance of scores was highest in the right upper arm y-axis motion, followed in order by spine y-axis and pelvis x-axis.
Regression model for subject 3
The regression model for archery athlete number 3, subject 3 (S3), was derived using the following equation: y = 13.53636 + 0.93715Heady + 0.38222Headz -0.5261Spinex + 0.12573LTUx -0.28437LTUz + 0.33126LTFy -1.01041LTFz + 0.54082Pelvisx -1.91363Pelvisy + 0.80894LTSx -0.80902LTSz
In the derived regression model, the F value was 3.98; significance level (Pr > F) was 0.55%; R 2 was 72.02%; and adjusted R 2 (Adj R 2 ) was 53.91%. Summarized parameter estimates were as shown in Table 3 .
The scores for S3 were explained by motions in the directions of head y-axis and z-axis, spine x-axis, left upper arm x-axis and z-axis, left forearm y-axis and z-axis, pelvis x-axis and y-axis, and left shank x-axis and z-axis. The relative importance of scores was highest in the pelvis y-axis motion, followed in order by spine x-axis, left forearm z-axis, pelvis x-axis, head y-axis, left upper arm x-axis, head z-axis, left upper arm z-axis, left shank x-axis, left shank z-axis, and left forearm y-axis.
Regression model for subject 4
The regression model for archery athlete number 4, subject 4 (S4), was derived using the following equation: y = 5.50909-0.17118Spiney + 0.21598RTUx -0.36731RTUy +
1.19038LTSz + 0.25706RTSy
In the derived regression model, the F value was 4.53; significance Table 4 .
The scores for S4 were explained by motions in the directions of spine y-axis, right upper arm x-axis, right upper arm y-axis, left shank z-axis, and right shank y-axis. The relative importance of scores was highest in the right upper arm y-axis motion, followed in order by right upper arm x-axis, left shank z-axis, spine y-axis, and right shank y-axis.
Regression model for all subjects
The regression model based on mean data of all four archery athletes was derived using the following equation: y = 12.28383-0.02485LTFy-0.40512LTSx
In the derived regression model, the F value was 56898.8; significance level (Pr > F) was 0.30%; R 2 was ~1; and adjusted R 2 (Adj R 2 ) was ~1.
Summarized parameter estimates were as shown in Table 5 . The scores for the athletes were explained by motions in the directions of left forearm y-axis and left shank x-axis. The relative importance of scores was higher in left shank x-axis than left forearm y-axis.
DISCUSSION
Regression model for each athlete
In the regression equations shown in the previous section, the number of independent variables included in the regression equation for each athlete was different. In other words, the number of statistically significant independent variables that influenced scores (dependent variable) was different among individual athletes (10, 3, 11, and 5). The independent variables represented data of body motions in specific directions, as measured from the points where the sensors were attached. Therefore, these results can be viewed as reflecting the characteristics of individual athletes during archery shooting motion.
Consequently, habitual archery shooting motions can be reviewed by the regression parameters.
Based on a review of significance levels of regression coefficients (parameters) and regression equations derived for each athlete, the following differences in significance levels were identified. S1 showed a significant regression coefficient with a low significance level of 1.26%, while S4 showed a significant regression coefficient with a relatively high significance level of 5.10%. An interesting point was that the athletes with higher scores tended to show regression models and coefficients that were significant at relatively low significance levels. An An interesting point was that the highest values for relative importance on scores in all four athletes were all negative values, regardless of the intercept value (-1.81379, -0.42269, -1.38881, and -0.60308) . This indicated that all four participants in the present study can greatly improve their scores merely by reducing the motions represented by the independent variables mentioned above.
Although the number of athletes analyzed was limited to four, based on the results above, it is believed that motions of specific body parts that affected the scores of all four athletes could be determined and that habitual archery shooting motions of each individual contributed to individual differences according to the independent variables in each regression model. The relative importance on scores could be used to determine the specific body parts that contribute greatly to each athlete's scores, and thus, development of individualized training methods for each athlete is deemed necessary.
Regression model using the mean values of four athletes
A regression model was derived using the mean data of four archery athletes, which showed that both the regression model and coefficients were significant at a very low significance level (0.75%) and that the motions in body parts that affected scores were LTFy (left forearm)
and LTSx (left shank), meaning that the athletes' scores were largely affected by motions in the forearm of the bow arm (y-axis in up and down directions) and the left leg (x-axis in up and down directions).
All four athletes used their left arm as the bow arm and used the posture of having the left foot more forward than the right foot. The relative importance results showed that leg motions had a 3.87 times greater influence than arm motions (3.86734 = 0.97252/0.25147). This indicated that all four athletes can increase their scores by maintaining improved posture by reducing movements in the legs (lower extremities), more so than the arms. The findings in the present study can be interpreted in terms of the methods mentioned above being applicable in examination of the tendencies of a group of athletes (four in the present study), which means that they can be used to define common postural problems of athletes within the same group, or in contrast, to define a desirable posture. However, more generalized results should be derived through future studies that include larger study populations and that compare more skilled athletes.
CONCLUSION
The present study demonstrated that the relationship between aiming patterns and scores in archery shooting motions can be explained with regression models, and the following results were derived: First, the significance levels of four regression models, one for each athlete, were 0.12%, 1.61%, 0.55%, and 0.4%, which indicated that since the models showed relatively low significance levels (<2%), all of the regression models were significant; second, in the regression models, R 2 values, which indicate what % of variance in the dependent variable can be explained by the independent variables of the regression model, were 64.04%, 27.93%, 72.02%, and 45.62%, and this showed that the all regression models derived, except for that of S2, had very high explanatory power (>40%); third, the maximum significance level of parameters (or regression coefficients) that explain each regression model were 1.26%, 4.58%, 5.1%, and 4.98%, which indicated that parameters of all regression models derived at a significance level of 5%, with the exception of that of S3, were significant; and fourth, relative importance was presented as another key indicator for examining the habitual shooting motions of athletes.
360 ChengHao Quan, et al.
KJSB Korean Journal of Sport Biomechanics
The following conclusions were reached from a stepwise analysis of the regression models: First, different regression models were derived for each of the four athletes, which indicated that having different variables that explain the regression model means that different body parts and directions (one of three axes) affected scores, and this signified that each athlete already had different habitual archery shooting motions and that individualized coaching is possible through analyses of regression model parameters and relative importance; second, the limitations in the present study were also identified. Additional future studies are needed on statistical analysis and data processing of low R 2 values in the regression models and generalization of desirable archery shooting position.
Finally, statistical analysis using regression analysis and data based on the DTW algorithm, as suggested in the present study, is expected to be a useful method for the effective analysis of individualized score improvement measures in archery. Moreover, the approaches used in the present study may not only be used for motion analysis in archery, but may also have applications in various systems in the field of sports science.
